Research Repository UCD

Title

A halistic approach to risk-based decision on inspection and design of fatigue-sensitive structures

Authors(s)

Zou, Guang, Faber, Michagl Havbro, Gonzélez, Arturo, Banisoleiman, Kian

Publication date

2020-10-15

Publication information

Zou, Guang, Michael Havbro Faber, Arturo Gonzalez, and Kian Banisoleiman. “A Holistic
Approach to Risk-Based Decision on Inspection and Design of Fatigue-Sensitive Structures.”
Elsevier, October 15, 2020. https://doi.org/10.1016/j.engstruct.2020.110949.

Publisher

Elsevier

Item record/more
information

http://hdl.handle.net/10197/12149

Publisher's statement

Thisisthe author’s version of awork that was accepted for publication in Engineering Structures.
Changes resulting from the publishing process, such as peer review, editing, corrections, structural
formatting, and other quality control mechanisms may not be reflected in this document. Changes
may have been made to thiswork since it was submitted for publication. A definitive version was
subsequently published in Engineering Structures (221, (2020)
https://doi.org/10.1016/j.engstruct.2020.110949

Publisher's version (DOI)

10.1016/j.engstruct.2020.110949

Downloaded 2026-05-02 00:27:59

The UCD community has made this article openly available. Please share how this access

benefits you. Your story matters! (@ucd_oa)

© Some rights reserved. For more information



https://twitter.com/intent/tweet?via=ucd_oa&text=A+holistic+approach+to+risk-based+dec...&url=http%3A%2F%2Fhdl.handle.net%2F10197%2F12149

A holistic approach to risk-based decision on inspection and design

of fatigue-sensitive structures

Guang Zou™, Michael H. Faber’, Arturo Gonzalez’, Kian Banisoleiman’
‘Lloyd’s Register Global Technology Centre, Lloyd's Register Group Limited, Southampton, UK
®School of Civil Engineering, University College Dublin, Dublin, Ireland
‘Department of Civil Engineering, Aalborg University, Aalborg, Denmark

Key words: Structural management; Probabilistic optimization; Risk analysis; Risk-based inspection; Life cycle
engineering; Decision analysis

Abstract

Design and operation of large welded structural systems (e.g. ship and offshore structures) are challenging due
to numerous fatigue-sensitive details, limited available budgets, uncertainties in fatigue damages, inspection &
maintenance activities, etc. Traditionally, fatigue design and maintenance planning have been almost
disconnected, which restricts coherent decision-making and optimum safety management. Structural design
optimization, without quantitatively incorporating the effects of operational maintenance, can hardly result in a
structural plan that is optimum in terms of life cycle costs. Also, if the design of a structure is not optimum,
maintenance optimization alone cannot yield a really optimum maintenance plan. As operational inspections
and maintenance are essential, there are merits to utilize their effects to structural design and meanwhile
optimize them at the initial design stage when impacts of decisions are greater. This paper proposes a risk-
based approach to holistic decision-making enveloping decisions and uncertainties affecting design, inspection
and maintenance of fatigue-sensitive components. Decisions variables in structural scantling and operational
maintenance are obtained holistically at the structural design stage by risk based optimization, based on
guantitative assessment of the effectiveness of both structural scantling and maintenance interventions.
Optimum fatigue reliability level is also obtained, informed by the effects of uncertainties and failure
consequences. The method captures combined benefits of structural scantling and operational maintenance to
fatigue reliability and risk mitigation and achieves optimum resource utilization and life cycle cost reduction.
Advantages of the proposed method have been demonstrated via a numerical example, In comparison to
alternative methods.

1 Introduction

Fatigue deterioration, which leads to structural integrity loss in the form of crack initiation and propagation, is
a common phenomenon in welded structural systems under cyclic loading (e.g. ship and offshore structures).
Cracks typically initiate at local stress concentration areas or at welded details containing initial flaws, and then
propagate quickly under sustained stress cycles. Crack propagation can lead to fracture of structural
components and sudden failure of the whole structural system, e.g. rupture and cross section failure of ships,
cracking of a leg causing collapse of an offshore platform, etc. These failures are often catastrophic, causing
significant financial, social and environmental losses. Hence, the design and operation of welded structural
systems is associated with high risks from fatigue failures.

Fatigue-sensitive components are designed traditionally by a S-N method, aiming to ensure a predicted fatigue
life longer than required service life. S-N curves give fatigue life under a given stress range. Based on a fatigue
design factor (FDF) and required service life, an allowable stress range can be obtained based on a S-N curve.



Nevertheless, in engineering practice fatigue cracks have been found common in large welded structures after
several years’ service. From a practical perspective, fatigue resistance is highly sensitive to factors such as initial
imperfects in materials, residual stresses, welding notches, etc., and these factors are only partly controllable
and have not been adequately accounted for by S-N curves. Moreover, there are modelling uncertainties
associated with both fatigue capacity and fatigue loading calculation methods. It is typically not economical
trying to avoid fatigue cracking by design measures only, in view of the significant costs needed to counteract
the uncertainties [1, 2].

In fact, operational inspections are often essential for timely detection of fatigue cracks and detection of gross
design errors, over loading, abnormal vibration, etc. [3]. It is thus sensible to quantify and exploit the effects of
operational inspections and maintenance at the design stage and address the fatigue cracking problem with a
holistic decision-making approach to optimum allocation of risk mitigation measures and resources in the
lifetime, e.g. measures at the design, construction and operation stage given by Figure 1. Important engineering
decisions against fatigue cracking are structural scantlings, welding and quality assurance techniques, and
inspection & maintenance plans. A limitation in current engineering practice possibly is that these decisions are
typically made separately and sequentially (Figure 1), which restricts coherent decision-making and optimum
safety management.

Safety decision Design |  Construction | Operation
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- Operational control

Figure 1: Lifetime safety decisions and measures against fatigue

Optimization of inspection & maintenance decisions can reduce operation costs, which can account for a
significant part of life cycle costs of engineering structures with a large number of fatigue-sensitive details [3].
Optimal engineering decision-making is often challenged by limited data, knowledge and budgets. It is well-
known that fatigue analysis is associated with a high degree of uncertainty. Many studies have been conducted
to support engineering decisions against fatigue cracking, via analytical methods [4], experimental methods [5]
and numerical methods [6]. S-N method has been widely adopted in designing structures against fatigue,
including both deterministic design methods [7] and probabilistic design methods [8]. The fracture mechanics
(FM) method has been used to develop probabilistic models to assess fatigue reliability [9-11], to update
inspection plans [12-17], and to develop cost-effective inspection & maintenance plans for existing structures
[1, 18-21]. The studies address almost exclusively either fatigue design issues with little quantitative analysis in
operational maintenance or address maintenance issues based on given design plans or existing structures.
There are needs to develop a holistic approach to quantify and utilize the combined benefits of design measures,
inspections and maintenance to lifetime fatigue reliability and risk mitigation, in support of holistic optimization
of these engineering activities subjected to associated uncertainties. In this regard, [22] develops a method to
achieve the best trade-off between costs and safety for design and operation of pipelines against corrosion.

This paper provides a risk-based holistic decision-making (HDM) approach enveloping the design, inspection
and maintenance decisions against fatigue cracking (Figure 2) and considering uncertainties and failure
consequences affecting optimum decision-making. The optimum decision-making problem is addressed from
an initial design perspective by risk-based structural optimization adopting major decision variables in structural
scanting and maintenance planning (i.e. plate thickness and inspection intervals) as optimization variables. The



approach is an extension of risk-based design optimization by integration of maintenance optimization. A main
feature of this approach is that fatigue design, inspection and maintenance decisions are optimized holistically,
as opposed to separately, and thus the effectiveness of these risk mitigation measures is optimum utilized in
the initial design decision-making process when the impacts of decisions are greater. As a result, the best trade-
off between design (and construction) costs and maintenance costs can be achieved, contributing to a really
optimum trade-off between safety and life cycle total costs. Another feature of the approach is that derived
engineering decisions are based on the same risk model, and thus the decision-making process is coherent,
and the expected lifetime fatigue reliability is trackable.
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Figure 2: A schematically illustration of holistic decision-making against fatigue

This paper is organised as follows. Section 2 describes the probabilistic aspects of FM and S-N fatigue analysis
methods. The proposed risk-based HDM method is developed based on probabilistic FM method, which is
calibrated to S-N curves. Section 3 introduces the adopted maintenance strategy which relate repair decisions
to inspection results. Section 4 presents a probabilistic inspection modelling approach and provides the
probability of detection (PoD) curves for three inspection methods examined in this paper: magnetic particle
inspection (MPI), close visual inspection (CVI) and visual inspection (VI). Section 5 formulates the risk-based
HDM approach, integrating event tree analysis, reliability & risk quantification, life cycle analysis, and
probabilistic optimization. Comparison approaches are also formulated: risk-based separate decision-making
(SDM) method and reliability-based HDM method. A numerical example on ship structures is provided in
Section 6, by which advantages of the proposed method are demonstrated. Section 7 summarizes the rationale,
methodology and main conclusions.

2 Probabilistic fatigue analysis

Probabilistic FM method provides means of modelling the crack growth and associated uncertainties explicitly
and allows for fatigue life and reliability/risk updating with inspection results by Bayesian Theorem. It also
facilitates reliability and risk calculation, taking into account the effects of future inspections and repairs, and
thus realization of inspection and repair optimization according to reliability & risk objectives. Therefore, the
FM method is applied to fatigue deterioration modelling and to representation of effects of different fatigue
design, inspection and maintenance plans in this paper. The probabilistic FM method is calibrated to S-N
method using reliability index, which is also described in this section.

2.1 Probabilistic S-N method

S-N curves are derived from specimen experiments. Fatigue lives of different classes of structural details under
different stress ranges and experimental conditions are analysed statistically. Then the relationship between
fatigue life and stress range is established by a S-N curve, which represents the fatigue resistance of a specific
class of structural details.



2.1.1 S-N curve

Equation 1 gives the formulation of a typical two-segment S-N curves adopted in marine engineering [7].
{NFAaml =a; Np <107 )
NpAc™2 =a, Np > 107
Where Ao is stress range, Ny is fatigue life, m; and m, are the fatigue strength exponents, and a; and a,
are the fatigue strength coefficients.

2.1.2 Fatigue loading

For marine & offshore structures, fatigue loads mainly come from waves. Some simplified calculation
formulations, numerical methods, field measurements, as well as statistical counting methods have been
developed to capture the stochastic natures of wave loading and structural responses [23-25]. It is generally
acknowledged that the long-term distribution of stress ranges Ao can be modelled by a the two-parameter
Weibull distribution as Equation 2 for simplified fatigue assessment with reasonable accuracy [14, 26, 27].

F(a0) = 1-exp|- ()] @

where F is the cumulative probability function of Ao, h is the Weibull shape parameter and ¢q is the Weibull
scale parameter.

2.1.3 Fatigue damage accumulation

Miner's rule [28], given by Equation (3), is widely used as an accumulation law for fatigue damage D. Uncertainty
associated with Miner’s rule is discussed by [26]. Some fatigue damage accumulation models are developed
based on Miner’s rule [29, 30], and a review on fatigue damage estimation models is provided by [31]

D=3 (3)

i=1 Nfi

where n; is number of load cycles at the i stress range level; Ng; is the fatigue capacity under the i stress
range level; and ny is the number of stress range levels.

Based on Equations (1) - (3), fatigue damage D(t), given by Equation (4), can be obtained via Rainflow stress
range counting. Detailed derivation is referred to [7].

D(t):NO-t-["a—:r(H"%; (Z—l)h)+"$¥(1+%; (Sq—l)hﬂ (4)

2
Where D(t) is fatigue damage at time t, N, is the annual number of stress cycles, t is service year, T is the
complementary incomplete Gamma function, Y is the incomplete Gamma function and, S; is the transition
stress range of two-segment S-N curve.

2.1.4 Fatigue reliability analysis

Equation (5) gives a limit state function, hq, based on the S-N method.



hy () = A—D(b) (5)

where A is fatigue damage at failure, i.e. the failure criterion, and D is given by Equation (4).

Even though the S-N approach is based on experimental data, there are still several sources of uncertainties. It
is generally acknowledged that uncertainties come from both S-N data and Miner’s rule. Uncertainties in fatigue
failure criterion are discussed by [26, 32, 33]. The use of a bias of 1.0 and coefficient of variation (COV) of 0.3
are suggested for covering modelling error caused by Miner’s rule [26]. Uncertainties associated with S-N data
are normally indicated in design codes [7]. Figure 3 schematically shows the scatters in fatigue resistance.
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Figure 3: lllustration of fatigue resistance with Figure 4: lllustration of fatigue resistance with
the S-N method (T, is required service life in the fracture mechanics (FM) method (Tp is crack
years, Ny is required number of cycles) propagation time in years)

Equations (6) and (7) give the failure probability prsy(t) and reliability index Bsy(t) based on S-N method,
where ®@~1[-] is the inverse function of standard normal cumulative density function.

Pr.sn(t) = Plhy(£) < 0] (6)
Bsn (£) = _Cb_l[l’f,szv(t)] (7)

2.2 Probabilistic FM method

A fatigue model used for maintenance planning shall be able to give some predications on the time-variant
fatigue damages, which can be compared to the results of operational inspections, and shall be able to
incorporate effects of future inspections and maintenance. Thus, the FM method is adopted, in which fatigue
deterioration process is explained by crack evolution with time. Based on probabilistic crack growth models,
the effects of inspection results on the distribution of crack size and on failure probability can be taken into
account by Bayesian techniques, and the maintenance effects are modelled in terms of mitigation of crack sizes
[1, 34].

Paris’ law [35] first relates crack growth rate to stress intensity factor. One dimensional crack growth mode given
by Equation (8).

S = CAK™, MKy < AK < Kpgy (8)

where da/dN is crack growth rate, C and m are material parameters, Knq: is material fracture toughness,
AK s stress intensity factor range and, AKyy, is threshold value for AK.



Equation (9) is used to calculate the stress intensity factor range AK.
AK = AcY(a)Vma 9)
where Y(a) is geometry function and Ao is stress range.

The fatigue life at crack growth stage Np can be obtained by integration of Equation (1) from an initial crack
size a, to a critical crack size a., as per Equation (10). The crack size a(t) at time t can be obtained by
solving Equation (11) incrementally from the beginning time (¢ = 0) to a given time t when the accumulated
fatigue loading is N(t) cycles. The function N(t) is often given, for example N(t) = Ny -t (N, is annual
number of fatigue cycles). An explicit formulation of the crack size a(t) can be obtained based on Equation
(11) and a geometry function Y(a), which can be adopted from [36].

1 ac da
Np = TMm/2CAG™ fao am/2y(a)m (10)

da =a™?2-C-Ac™-a™?-Y™(a) - dN(t) (11)
A limit state function, h,(t), as per Equation (12), can be formulated based on crack size.
hy(t) = a. — a(t) (12)

The FM approach is however highly sensitive to some input parameters, and statistical information on them are
usually not sufficient. Figure 4 schematically shows the influence of uncertainty in initial crack size on crack
growth prediction. Probabilistic methods are recognised to provide a sound theoretical basis for treating both
inherent variability and modelling uncertainty [37].

Equations (13) and (14) give the failure probability p°(t) and reliability index B°(t) without consideration of
operational maintenance.

prO(t) = Plhy(t) < 0] (13)
BO(t) = =7 [p0(t)] (14)

2.2.1 Material properties

The fracture parameters € and m are generally obtained based on statistical analysis on specimen test data
[38], and often treated as parameters that are unique to a type of material, although it is pointed out that their
values are affected by the environment and the applied stress ratio [2]. The uncertainties in € and m are
believed to be originated from the inhomogeneities in material, measurement method, procedure and statistical
method for parameter estimation. In probabilistic analysis, € is typically treated as a variable and m is
assumed to be constant [7].

2.2.2 Stress range and geometry function

Crack growth predictions are highly sensitive to the stress range Ag and geometry function Y (a), which enter
into the Equation (8) with the power of m [39]. The geometry function Y(a) is affected by the initial crack size
ao and fatigue exponent m. Some finite element methods are developed for modelling crack geometries and
characterizing stress fields near the crack tips [40, 41]. However, finite element modelling is often time
consuming. Geometry functions for common welded structural details can be found in [36].



2.2.3 Threshold of stress intensity factor

Crack growth threshold is generally thought to be a material property, though also depends on stress ratio [42].
In maintenance planning, the threshold value is typically assumed to be equal to zero [1, 15, 18]. This
assumption is also adopted in this paper. It is believed that the assumption would not induce much inaccuracy,

3/2 s used

given that the effect of AK;, on crack growth prediction is small when a value less than 63N - mm™
[39]. Also, when constant-amplitude loading is applied, there is no sequence effect and the crack growth model
neglecting the threshold can be used. This treatment is consistent with S-N method where sequence effects

are also not considered [43].
2.2.4 Initial crack/flaw size

There are often initial flaws/cracks in structural components, especially in welded structures, caused by material
defects (e.g. voids, brittle inclusions, corrosion pits, etc.) and machining & welding processes [44]. The initial
crack sizes can be modelled with exponential [13, 34] or lognormal distributions [20, 45] or assumed to be
constant [14].

2.2.5 Definition of failure and critical crack size

Cracks develop very quickly at the final fracture stage (Figure 4), so fatigue life is not very sensitive to a small
change in critical crack size a.. In engineering practice, a. is often set to be equal to the component thickness
T, as failure consequence is typically not obvious before through-thickness crack occurs [9, 15, 20, 43]. Failure
criteria considering brittle fracture are seldom used in probabilistic inspection and maintenance planning due
to computational costs. Also, materials in offshore structures are generally considered as ductile and brittle
fracture is not supposed to be critical [46].

More sophisticated FM models are available to take into account more detailed aspects of fatigue and crack
growth, e.g. Elber’s Model [47], Bi-linear crack growth model [9], two-dimensional model [46]. Reviews on the
probabilistic FM models are provided by [9, 11]. However, more sophisticated models normally require more
input parameters, thus more difficult to gather enough data and thus more difficult to characterize model
uncertainty [43]. In addition, computational costs increase significantly when a more sophisticated FM model is
used. So, there is a need to achieve a trade-off between accuracy and practical implementation of a probabilistic
optimization approach [43]. In fact, those sophisticated models are seldom applied to probabilistic maintenance
optimization. The one-dimensional model (Equation (8)) has been adopted for reliability assessment of welded
joints [39, 48], for inspection planning and updating [13-15] and for maintenance optimization [1, 18, 20, 49].

2.3 Calibration method for probabilistic FM model

It is often challenging to identify initial flaws/cracks and even harder to obtain a distribution of ag due to
detection and measuring difficulties. A FM model is often calibrated to S-N curves, so that compatibility is
achieved between FM and S-N approaches. Different calibration methods (in terms of calibration criterion and
procedure) are available. Guidance on selecting calibration parameter and criterion can be found in [50]. Most
often, such calibration is based on minimization of the difference between the reliability indexes by the FM and
S-N method, e.g. using Equation (15) to obtain the mean value E(agy). In this paper, the initial crack size a,
used in Section 6 follows [15, 46].

E(ap) = n;tn Z:ﬁﬁ[ﬂo(‘lo' t ) — Bsn(®)]? (15)



3 Maintenance strategy and repair effect
3.1 Maintenance strategy

A maintenance strategy defines the condition(s) to carry out a repair, e.g. following positive inspection results
and exceedance of repair criteria. With a maintenance strategy defined, risk reductions by inspections &
maintenance and associated costs can be assessed quantitatively at the decision-making time. Herein, a
detection-based maintenance strategy, under which a repair is carried out upon crack detection by an
inspection, is adopted in both holistic and separate decision-making. The risk-based HDM method developed
is able to accommodate other maintenance strategies as well, via event tree analysis introduced in Section 5.
Optimization methods for various of maintenance strategies addressed by [1, 18-21] are compatible with the
HDM method developed herein.

3.2 Model for repair effect
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Figure 5: lllustration of models of repair effect Figure 6: PoD curves for three inspection

methods

At the operation stage, it is the repair (or replacement) activities that ultimately improves fatigue reliability and
thus mitigates failure risks. Under a design stage point of view, planned inspections and maintenance can
improve fatigue reliability only when a maintenance strategy is specified. Widely-used repair methods for cracks
in structural engineering include [51, 52] drilling a stop hole, welding, welding plus post-weld treatment,
replacement, grinding, etc. These methods can change a structural system physically, e.g. removing cracks,
decreasing crack size, stopping or slowing down crack growth, etc., and thus change fatigue reliability. To assess
effects of scheduled maintenance interventions on reliability and risk, it is necessary to quantify the effect of a
repair.

Herein the same repair method and repair effect model is adopted throughout lifetime. It is assumed that after
repair a structural component is renewed, i.e. the crack size after repair (at time t,) is the same as the initial
size aq as illustrated by curve ‘c’ in Figure 5. The repair effect model has been adopted by [49, 53-58]. Other
repair effect models include those based on deterioration rate [59, 60]; the minimal maintenance model (i.e. ‘as
bad as old’ model) such as curve ‘a’ in Figure 5 [61-63]; probabilistic repair effect models [64, 65], etc. But for
high integrity structures, the probability of repair is very low, especially when a large repair crack size is adopted,
and thus, the influence of repair effect model on fatigue reliability is marginal.



4 Probabilistic inspection modelling

There are uncertainties associated with any inspection method, and therefore, the reliability of an inspection
method needs to be quantified before the effects of planned inspection and maintenance on risk mitigation
can be formulated. Crack detection by an inspection is inherently probabilistic, because there are so many
influential factors that are only partly controllable. Existing cracks can be detected sometimes but missed others.
A positive indication can also be found to be false. In addition, crack detectability is also dependent on training,
knowledge and performance of an inspector. Generally, the following factors can influence the probability of
crack detection [51, 52]: crack characteristics (sizes, shape, location, etc.); reliability of instrumentation;
environments where an inspection is carried out; inspection procedure; human factors associated with the
inspector.

The detection reliability of an inspection method is often quantified via the probability of detection (PoD). The
PoD is defined as the probability that a given crack of a fixed size can be detected by a given inspection method
[51, 66]. Traditionally, PoD curves are obtained by inspection experiments. However, as there are so many
factors affecting the PoD and need to be tested, experimental approaches usually are very expensive and time-
consuming. Alternatively, simulation approaches can be used to obtain PoD curves [67-69].

PoD(a) = F(a) =1 —exp(—a/E(az)) (16)

where E(ag) is the mean detectable crack size.

Herein the exponential PoD function given by Equation (16) is employed [12-14, 21, 34, 70-72]. By this function,
uncertainty in crack detection is considered by modelling the detectable crack size, ag4, of an inspection method
as an exponentially distributed variable. The PoD function is equal to the cumulative density function (CDF) of
the variable ag4. Herein, three inspection methods are tested MPI, CVI, and CV, the mean detectable crack sizes
are 0.89, 2 and 4.35 mm respectively [34, 49]. Figure 6 shows the PoD curves of these methods.

5 A risk-based holistic decision-making approach
5.1 Decision-making philosophy

Decision-making philosophy refers to how major decisions that affects lifetime fatigue performance (i.e. fatigue
design, inspection and maintenance decisions) are made. Herein a holistically decision-making (HDM) method
is proposed based on the same physical model for fatigue deterioration, i.e. the FM model (Section 2.2 and 2.3).
By the HDM method, optimum values of decision variables in fatigue design, inspection and maintenance are
derived holistically from an initial design perspective, and thus the optimum decisions are trackable and
consistent with each other. A comparison method is the separate decision-method (SDM), by which the decision
variables in fatigue design are optimized first adopting the FM model. Once fatigue design plans are established,
decision variables in inspection & maintenance are optimized adopting the same FM model. The theoretical
basis of the SDM and HDM methods is the same. The only difference lays on whether decisions are optimized
separately or holistically.

5.2 Decision variables

The objective of this paper is to develop a risk-based decision-making method that can achieve the best
compromise between design costs and maintenance costs considering failure consequences and uncertainties.
Major decisions at the design and operation stages affecting the lifetime fatigue performance of a structural
system are selected as decisions variables and are optimized under certain decision metrics.



5.2.1 Decision variables in fatigue design

Generally speaking, structural design against fatigue involves determination of materials, scantlings, joining
methods and fabrication quality assurance procedure to ensure that the structure can survive identified loads
with an acceptable failure probability. The traditional S-N design method adopts one safety factor, i.e. the so-
called fatigue design factor (FDF), to counteract effects of all uncertainties. The FDF is one of the most important
decision variables at the design stage. The FDF is typically determined based on engineering experience, expert
options or qualitative assessment on the importance of the structural detail and, with little quantitative
representation of operational inspections and maintenance in the design decision-making process.

Herein, the FDF is also selected as a major design variable at the design stage so that the developed method
can be well comprehended by structural engineers. In the risk-based HDM method, the FDF and a major
decision variable in maintenance planning are optimized simultaneously, in order to achieve the best
compromise between the design costs corresponding to a FDF, and the maintenance costs corresponding to
the maintenance decision variable. The FDF is correlated with the stress range Ao via the S-N curve of a
structural detail, and the stress range Ao is assumed to be linearly correlated with the plate thickness T of a
fatigue-prone structural detail (such as Figure 11). The actual decision variable is the plate thickness T, but all
optimum values of plate thickness T are transformed to FDF. In summary, FDF is chosen as the main design
variable, and it is affected by Ag and T.

Note that plate thickness T is an important parameter in structural design and in engineering practice it may
not be determined only by design against fatigue limit state. The design envelope may include ultimate limit
state, accidental limit state and other failure limit states or even fabrication and economic considerations. This
paper however considers structural design of fatigue-critical components.

5.2.2 Decision variables in maintenance planning

Herein, maintenance planning means inspection and repair planning. Ideally, the following decisions can be
made via optimum maintenance planning: areas of inspections, the number of inspections, the times and
methods of inspections, repair criteria and methods, etc. Though it is possible to formulate an optimization
problem with all those decision variables, it would be very difficult to solve the problem numerically as the areas
and the number of inspections increase. To reduce the number of decision variables and possible solutions,
some reasonable assumptions and practical operation constraints are introduced in developing optimum
maintenance planning methods [1, 18, 20, 21, 55, 72]. These maintenance optimization methods can be
incorporated into the risk-based HDM method developed to enhance its application to specific scenarios.

The number of inspections n and inspection times ty,t,,*,t, are major decision variables in maintenance
planning. The lifetime fatigue reliability B, increases with an increase of n, as the probability increases that
cracks are detected by more inspections and subsequently repaired. However, the expected costs of inspections
C; and repairs C, also increase with n. Therefore, n is a decision variable that has significant influence on
lifetime fatigue reliability S;, failure risk Cr and lifetime total costs Cj. The inspection times ty, ¢+, t, affect
the probabilities of detection & repair p,, and consequently have an impact on the expected repair costs C;.
Moreover, an inspection result of no detection provides additional information which can be utilized to update
failure probability py and lifetime fatigue reliability f,. Normally, there are different amount of changes in py
and [, as a result of the additional information collected at different time ty,t5,++, ¢, [16].

Herein, a periodic inspection policy following [55, 73-78] is adopted. The latter specifies that inspections are
carried out at equal intervals, e.g. at At;, 2At;, -+, nAt;. The inspection interval At; (given in years) is a decision



variable to be optimized. The periodic inspection policy is widely adopted in engineering practice due to
convenience in maintenance implementation [55].

The areas of inspections are pre-selected, and the inspection methods are given. The same inspection method
is applied to all maintenance interventions, and three methods are tested: MPI, ClI, CVI. A detection-based
maintenance strategy is adopted, and thus the repair criterion is actually determined by the selected inspection
method. The methods of repairs are not considered as decision variables, since they are typically determined
based on engineering practice and specific damage characteristics. The repair effect model adopted has been
discussed in Section 3.2.

5.3 Metrics for optimal decision

The decision-making methods (HDM and SDM) are integrated with risk-based structural optimization, i.e.
fatigue design and maintenance decisions are assessed by risk metric and optimized based on the metric. Main
sources of uncertainty affecting the crack size and affecting the reliability of inspections are modelled explicitly
and their impacts on holistic decision-making process are studied. Failure consequences are quantified, and
risk quantification is performed in the design process. Structural scantling and maintenance activities are main
risk mitigation measures against fatigue. Each set of values of decision variables represent a structural solution
(more specifically, a structural dimension and maintenance plan). Each structural solution is associated with a
specific level of lifetime failure probability and failure risk, and involves certain (design, construction, inspection,
and repair) costs. These costs are structural investments on risk reduction. Integrated with holistic or separate
decision-making method, risk-based structural optimization facilitates holistic or marginal trade-offs between
structural investments and failure risks.

A comparison metric is lifetime fatigue reliability, which is a performance indicator taking into account sources
of uncertainty affecting structural performance, but not failure consequences. A stronger structural solution,
e.g. a thicker plate thickness and/or a shorter inspection interval, contributes to a higher lifetime fatigue
reliability, but also leads to higher structural investments. Reliability-based structural optimization facilitates a
cost-optimum structural solution that satisfies a given reliability requirement.

5.4 Limit state functions

The crack size a(t) is probabilistic, due to uncertainties in the initial crack size ay, stress range Acg and
material property C.As a(t) is probabilistic, the safety state of a structural system at time t (failure or survival)
is also probabilistic. Structural failure is defined as occurrence of through-thickness crack, i.e. a(t) exceeds a
critical crack size a., which is equal to the plate thickness T. A fatigue limit state function is given by Equation
(12), where h, < 0 signifies failure.

If an inspection is scheduled to time ¢, the inspection result (detection or no detection) is probabilistic as both
the crack size a(t) and the detectable crack size a; of the adopted inspection method is probabilistic. If the
inspection result is detection, a repair will be carried out. Thus, as the inspection result is probabilistic, the event
of repair is also probabilistic. An event margin for inspection result is given by Equation (17).

D(t) = az — a(t) (17)

Where D(t) <0 when a crack is detected. Given that repair would be carried out upon detection, the event
margin for repair is the same as the event margin for inspection.



5.5 Formulations of probabilities and reliabilities

Let the number of scheduled inspections be n, and the inspection times be tq,t,, -, t,. The probabilities of
inspection and repair at the intervention times and lifetime failure probability need to be formulated before the
fatigue reliability, failure risk and expected costs of design (and construction), inspection, repair and failure can
be calculated. The probabilities of inspection, repair and failure are calculated based on event tree analysis [1,
18, 20].
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Figure 7: Event tree analysis under the detection-based maintenance strategy

Figure 7 illustrate event tree analysis where two inspections (n=2) are scheduled to t; and t,. When the
number of inspections n takes other values, event tree analysis can be done similarly. In Figure 7, F, D and
R stand for failure, detection and repair respectively, F means survival and D denotes no detection. At a
maintenance intervention time (e.g. at time t;), there are three branches:

- B1: The structural component is failed.

- B2: The structural component is survived, and an inspection is carried out; a crack is detected and a repair
is carried out.

- B3: The structural component is survived, and an inspection is carried out; a crack is not detected.

Based on Figure 7, the probability (p,1(t,)) that a repair would be carried out at the 1% intervention at time t;
is equal to the probability that the crack size a;, is not smaller than the detectable size a; and smaller than
the critical size a., given by Equation (18). As shown by Figure 7, the probability (p,2(t;)) that a repair would
be carried out at the 2™ intervention at time t, is comprised of two probabilities: the probability of repair at
time ¢, conditional on that a repair has carried out at time ¢; (i.e. the event D&R), and the probability of
repair at time t, conditional on that a crack has not been detected at time t; (i.e. the event D), as per
Equation (19). When n = 3, the event tree is more complex than shown in Figure 7, but based on the same
rationale, the probability (p,"(t,)) that a repair would be carried out at the 7th intervention at time t, is given
by Equation (20).

prl(tl) = P(ad <a < ac) (18)



P2 (ty) = p () ot (t — ) + P(at1 <ag,aq < a, < ac) (19)

Pt (tn) = prn_l(tn—l) ’ prl(tn —tho1) + P(atn_1 <agaq = ag, < ac) + ?=_12 pri(ti) ' P(atn_l—ti <agaq =
g, -t < ac) (20)

The probability of failure by time t is obtained by adding together the failure probabilities associated with all
branches. When t; <t < t,, the probability of failure pfl(t) is given by Equation (21). When t, <t <Tg,
(n =2, Ty, is required service life), the probability of failure pf"(t) is given by Equation (22). Lifetime failure
probability is the failure probability when t = Tg;.

When t; <t < ty,
prt() = ppO(t) + () ot —ty) + P(at1 <aga;=ag) (21)

When t, <t <Tg, (n=2),

pe () = e () + 2" () 0O (E — t) + Pae, < ag ar 2 ac) + 275 p (8) - P(ag, -, < g, aee, = a)
(22)

The probabilities of conducting inspection (p;(t1), p;i2(t1), -, p;"(t,)) at the intervention time ty,t,, -, t, are

conditional on the structural system is survived at the intervention times, given by Equation (23-(25)

pit(t) =1-p°(ty) (23)
pi?(t) =1—psi(t) (24)
pi"(t) = 1 — " (tn) (25)

Reliability index Bi(t) (i=0, 1, 2, -, n) corresponding to a failure probability pfi(t) is given by Equation (26).
Lifetime fatigue reliability index B; considering n planned maintenance interventions is given by Equation (27).

Bi(t) = -7 p/(0)] (i=0,1,2,-, n) (26)
BL = _q)_l[an(TSL)] (27)

5.6 Quantitative risk analysis

Failure risk Cr is defined as the product of failure probability py and failure consequences crq, as per Equation
(28). The risk is understood as potential loss associated with a structural (design and maintenance) solution.

Cr = D5 Cro (28)

Failure consequences ¢y are quantified via the approach as follows. An existing fatigue design plan T, was
previously obtained by traditional S-N design method, without quantitatively taking into account effects and
costs of operational inspections & maintenance. It has been proved by engineering practice that the design
plan Ty is associated with the minimum life cycle total costs (Cpg) defined by Equation (29). In Equation (29),
the design (and construction) costs (Cp) associated with the design plan T, are given in Section 5.7, and the
failure risk (Cro) is defined by Equation (30), in which the failure probability (pfo) is calculated by the probabilistic
S-N method introduced in Section 2.1. Then the value of failure consequences ¢y which makes the Cpo in
Equation (29) minimal can be derived.

Cro = Cp + Cpo (29)
Cro = Pro " Cro (30)



5.7 Life cycle cost analysis

By the risk-based holistic decision-making (HDM) approach, the life cycle total costs C; are comprised of
design (and construction) costs Cp, inspection costs C;, repair costs Cg, and failure risks (potential economic
losses) Cr, as formulated by Equation (31). Herein the sum of inspection costs C; and repair costs Cr are
called maintenance costs Cy (Equation (32)). Total structural investments C;yr, given by Equation (33), is
defined as the sum of design (and construction) costs Cp and maintenance costs Cy. Note that in this paper,
life cycle costs are evaluated against the same time length, i.e. required service life of the structure T;.

CL=CD+CI+CR+CF (31)
Cinr = Cp + Cy (33)

By a separate decision-making (SDM) method, optimization of fatigue design plan and maintenance plan is
carried out separately and sequentially. More specifically, operational maintenance (and associated costs) is not
include in the design optimization formulation, and structural design plan (and associated costs) is fixed and
not included in the maintenance optimization formulation. The life cycle costs formulated at the design
optimization (C;1) and maintenance optimization (Cy,) stages are given by Equations (34) and (35) respectively.
The failure risks at the design optimization (Cr;) and maintenance optimization stage (Cr) are calculated by
Equations (36) and (37) respectively, in which ps°(Ts;) and ps"(Ts,) are lifetime failure probabilities
neglecting and considering maintenance interventions and calculated by Equations (13) and (22) respectively.

C1=Cp+Cp (34)
C, =C+Cgr+Cp (35)
Cr1 = PfO(TSL) *Cro (36)
Cpp = pfn(TSL) * Cro (37)

Herein an Equation (38) is proposed for the design (and construction) costs Cp associated with a design plan.
The equation relates Cp to design plate thickness T and also to the failure risk Cpy associated with a design
plan. It is believed that the equation implicitly takes all determinants of Cp into account, by correlating Cp
with Cgg. Apart from plate thickness T (the main design variable), Cp is affected by other parameters that
determined at the design stage, e.g. spacings of stiffeners, local geometry, materials, fabrication techniques,
etc. These parameters have not been explicitly included in the optimization formulation as design variables, but
their influences on Cp are represented via Cgg. The failure risk Cpqy is a composite performance indicator that
can show the influences of all design parameters. Favourable choices of design parameters (e.g. good local
geometry with low level of stress concentration, material with high fatigue performance and fabrication
techniques with low residual stress) would contribute to a lower failure probability and risk, and thus the
calculated design (and construction) costs by Equation (38) are high, and vice versa.

T2

CD =_m

(38)

The expected inspection costs C; and repair costs Cgr are given by Equations (39) and (40) respectively. The
equations are formulated by adding together the expected costs of inspection and repair associated with each
maintenance intervention [21, 72, 79]. Alternatively, the maintenance costs (Cy) can be obtained via Equation
(41), where the expected inspection and repair costs of are formulated by adding together the expected
inspection and repair costs associated with each branch in the event tree analysis, as illustrated by Figure 7 [1].
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Cr = Y= pf - cly gerer (39)

1
Cr = Xi=1PF " Cfo Reweniy (40)
Cu = 22, p(bi) - Cy (41)

where n is the number of scheduled maintenance interventions in the service life; cf and c¥, are costs for

the & inspection and repair respectively; p¥ and p¥ are the probability of the £ inspection and repair are
carried out; t; is the times of the A" inspection; y is average annual discount rate of money; p(by)is the
probability of occurrence of branch k; Cj is the expected total inspection and repair costs associated with
branch k and N, isthe number of branches. For example, in Figure 7, there are 11 branches in total, and thus
Np=11, The branches are numbered 1, 2, ..., 11 respectively. Let k=1, calculate the probability of occurrence
of the branch 1 (i.e. p(b;)) and expected total inspection & repair costs associated with branch 1 (C;). Then Let
k=2, calculate the probability of occurrence of the branch 2 (i.e. p(b,))and expected total inspection & repair
costs associated with branch 2 (C,). Similarly, lastly, Let k=11, calculate the probability of occurrence of the
branch 2 (i.e. p(b11))and expected total inspection & repair costs associated with branch 2 (C;1). Then total
maintenance costs can be obtained by Equation (41).

When the same inspection method and repair method is applied to all maintenance interventions in the service
life, then ¢X = c;o, cX) = cyo. This paper aims at studying how the best balance between design costs Cp and
maintenance costs Cy can be achieved by the risk-based holistic decision-making method. Therefore, the sum
of C; and Cy are evaluated, as opposed to C; or Cg individually. A fix relationship between c;y and ¢,
given by Equation (42), is adopted to reduce the number of input parameters. The ratio ¢o/cso is an input
parameter that will be varied to investigate the influence of failure consequences.

Cio = 0.1¢y (42)
5.8 Optimization problem formulation

Figure 8 gives a flowchart for the proposed risk-based HDM method. The main idea is that by a risk-based
HDM method, structural systems are managed holistically based on the same fatigue deterioration model,
considering major engineering decisions (i.e. fatigue design, inspection and maintenance) and uncertainties
affecting structural fatigue performance. The optimization problem is formulated by Equation (43). The FDF is
defined as the ratio of required fatigue resistance (in years) to required service life (in years). Required fatigue
resistance should not be shorter than required service life, and thus the FDF should not be smaller than 1.
Herein, periodic inspections are considered. The inspection time interval At; (given in years) isn't longer than
15 years so that at least one inspection would be carried out in the entire service life, and it isn't shorter than 2
years so that the number of inspections are not larger than 15.

find: FDF, At
which minimize: C; (43)
subjectto: FDF =21, 2 < At; <15

The following points summarize the proposed risk-based HDM method:

- The decision variables in fatigue design, inspection & maintenance jointly determine the lifetime fatigue
reliability S, (Equation (27)) and expected life cycle total costs €, (Equation (31)).

- Conversely, the decision variables as well as lifetime reliability level S, are optimized simultaneously based



on minimization of Cj.

- The lifetime fatigue reliability f; associated with a structural scantling is calculated based on a probabilistic
FM model, and the f; is updated by a maintenance plan based on the same FM model.

- Inspection result is unknown at the decision-making time, but the distribution of possible results, i.e. the
probabilities of detection and no detection, can be obtained based on probabilistic modelling of crack
growth and inspection reliability.

- The repair decision is upon inspection result following a detection-based maintenance strategy.

- Aninspection result of detection would lead to a repair being carried out and thus a lower lifetime failure
probability ps (and a higher B.), while an inspection result of no detection provides an evidence, from
which a lower failure probability p can be inferred based on Bayes' theorem.

- In case of a repair being carried out, the failure probability after repair is obtained based on the adopted
repair effect model and probabilistic FM model.

- The design (and construction) costs Cp are related to a structural scantling and design failure probability
(Equation (38)); the expected maintenance costs Cy are related to a maintenance plan and distributions
of crack size at the maintenance intervention times (Equation (41)); the failure risk Cr is related to a
structural scantling, a maintenance plan and the uncertainties associated with the FM model (Equation (28)).

The risk-based HDM method is compared to two alternative methods: the reliability-based HDM method
(Figure 9, Equation (44)) and the risk-based SDM method (Figure 10, Equations (45) and (46)).

find: FDF,At;
which minimize: Ciyr (44)
subjectto: FDF =21, 2 < At; <15, B, = 6;

Step 1:

find: FDF

which minimize: Cpq (45)
subject to: FDF =1

Step 2:

find: At;

which minimize: Cp, (46)
subject to: 2 < At; < 15

The proposed and comparison methods differ from each other in the decision-making philosophy (holistic or
separate) and metric for optimum decision (risk or reliability). The three methods are explained briefly as follows.

- Risk-based HDM method: structural scantling (plate thickness) and maintenance plan (inspection interval)
are optimized simultaneously based on minimization of life cycle costs (i.e. Equation (43)).

- Reliability-based HDM method: structural scantling and maintenance plan are optimized simultaneously
based on minimization of structural investments (i.e. Equation (44)) with a constraint on reliability.

- Risk-based SDM method: First, structural scantling is optimized based on minimization of the sum of design
costs and failure risks (i.e. Equation (45)). Second, maintenance plan is optimized based on minimization of
the sum of maintenance costs and failure risks (i.e. Equation (46)).

Noted that herein the examined optimization problems, formulated by Equations (43) — (46), are all single
objective optimization problems. In Equations (43), (45) and (46), the risk metric Cr, Crq and Cp, are
integrated into the life cycle costs €, €1 and C;, respectively by Equations (31), (34) and (35); while in
Equation (44), the reliability metric f, is represented as a constraint.
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6 A numerical example

The proposed risk-based HDM method and comparison methods are demonstrated on a stiffened plate (Figure
11) typically found in ship structures. Welded T joints are very common in ship structures that are susceptible
to fatigue failures due to cyclic wave loading. Failures of welded T joints are also common in other steel
structures subjected to cyclic loading, e.g. offshore installations, offshore wind turbine foundations, bridge decks,
etc. Welded joints often represent the weakest areas in structural integrity, as cracks are likely to initiate along
the welding toes due to the presence of welding defects. Crack growth can lead to fracture of the structural
detail and cause subsequent failures of adjacent structural components. Fatigue performance and reliability of
welded joints should be assessed at the design stage and maintained at the operation stage. The proposed
method and comparison methods are used to derive an optimum structural solution (structural scantling and
maintenance plan) for the structural detail.

suface crack

'

a

Ao

Figure 11: The studied fatigue-prone structural detail
6.1 Probabilistic models

The required service life of the ship is Ts; =30 years. As a long Ts; is required, multiple maintenance
interventions may be needed. The fatigue loading is wave loading with a frequency of about 0.16 Hz, which
corresponds to Ny =5 % 10° cycles per year [15, 46]. The fatigue resistance of the structural detail is
categorized as F class and given by a two-segment S-N curve given by Equation (1). The coefficients associated
with F class S-N curve is given by ship design rules [7]. Based on engineering practice, the reference optimum
structural designis Ty = 25 mm, fatigue design factor FDF=3, and the allowed equivalent stress range is Agy =
19.39 MPa. Table 1 summarizes the input parameters.

Table 1: Design Parameters for the structural detail

Parameter Unit Value
T, Year 30

N, Cycle 5x 10°
log,oa; [N, mm] 11.855
log,0az [N, mm] 15.091
my - 3

m, - 5

Ty mm 25

Agy MPa 19.39




Parameter uncertainties associated with the initial crack size ag, the crack growth rate € and modelling
uncertainty in the stress range Ao in the FM model are considered. It is generally acknowledged that these
uncertainties are influential on the crack growth modelling results obtained with the FM model [48]. The initial
crack size ay is assumed to follow an exponential distribution, and the calibrated mean value E(ay) = 0.04
[15, 46]. The uncertainty in Ao originate from load description, the methods used for calculation of structural
response, stress concentration factor and the effect of welding notch, etc. In this paper, the uncertainty in Ao
are represented by a multiplier B, which follows a normal distribution with mean value E(B) =1 and
standard deviation (SD) u(B) = 0.15 [70]. The crack growth rate C is usually thought to be a material property.
In marine engineering, C is often considered as a lognormally distributed variable and m is a constant equal
to 3 [15, 46]. It is widely adopted that the fatigue damage at failure A in the S-N model follows a lognormal
distribution with mean value E(A) =1 and the standard deviation (SD) u(A) = 0.30 [14, 18, 26]. The
detectable crack size a4 of an inspection method (Section 3), is modelled as an exponentially distributed
variable [34, 49]. The statistical descriptors for all variables are listed in Table 2.

Table 2: Variables and their characteristic values used in probabilistic analysis

Variable Distribution Unit Mean SD

ay Exponential mm 0.04 0.04

logy C Normal [N, mm] -12.74 0.11/0.14

B Normal - 1.00 0.15

ag Exponential mm 0.89/2.00/4.35 0.89/2.00/4.35
A lognormal - 1 0.30

According to the uncertainty categorization defined in [80-82], uncertainties in the initial crack size a, and
material fracture property C are aleatory uncertainty, which are mainly due to inherent variabilities in material
qualities and properties. Uncertainties in the stress range Ao (represented by a multiplier B) are epistemic
uncertainty, which are mainly due to uncertainties in load and stress analysis methods, such as uncertainties in
finite element analysis. Uncertainties in the fatigue damage at failure A include both aleatory and epistemic
uncertainty, i.e. variability inherent in the material and modelling uncertainty in Miner's rule. Uncertainties in the
detectable crack size agz of an inspection method include both aleatory and epistemic uncertainty, because
ag is affected by both inherent variabilities in crack characteristics and uncertainties in a non-destructive
evaluation method, which can be viewed as a sub-model.

6.2 Methods

Monte Carlo simulations are carried out to calculate the probabilities and reliability indexes, with 5 x 106
samples for each variable. It is checked that a larger number of samples do not lead to much change in the
results. Lifetime fatigue reliability without maintenance is 0.78, which is low due to a long, required service life.
So, maintenance interventions are scheduled to increase operational reliability, which normally increases with
more maintenance interventions. The proposed risk-based HDM method and two comparison methods
formulated in Section 5 are applied to the structural detail to seek for optimum structural scantling and
maintenance plan. Major decision variables are plate thickness T (transformed to corresponding FDF), and
inspection interval At;. Sensitivities of obtained optimal solution (FDF, At;) ., fatigue reliability B, life cycle
costs €, and structural investment Cyyr to cost ratio ¢o/cro, to adopted inspection method and to level of
uncertainty are examined.

Five values of cost ratio ¢ro/cro are tested (0.1, 0.01, 0.001, 0.0001 and 0.00001) to show sensitivity of derived
optimum structural solution (FDF, At;)op: to failure consequences. The unit of the obtained costs are the costs
of an inspection. When reliability-based optimization is applied, three levels of target reliability index S (2.5,



3.0, and 3.5) are imposed respectively as an optimization constraint to study the influence of given target
reliability on the optimum solutions derived by reliability-based optimization. Other optimization constraints
are: FDF =1 and 2 < At; < 15. Herein integer values of FDF and At; are considered, because in design
codes and standards of marine & offshore structures, FDF and At; normally take integer values. As the
number of feasible solutions is not large, an exhaustive search algorithm is adopted to derive the optimum
values. It is checked that in this optimization problem local minima are not present, which if present, can be
addressed by the technique developed in [83].

Sensitivities of derived optimum structural solution (FDF,At;),; to adopted inspection method and level of
uncertainty are also investigated. Firstly, MPIl and the probabilistic models in Table 1 are adopted for optimum
structural fatigue design and maintenance planning. Then CVI and VI are adopted respectively. It is considered
that the costs of the inspection methods satisfy MPI>CVI>VI. It is adopted that ¢;ocy1=0.35" ¢jompr and
Cio,vi=0.2 - ¢;o mp1, based on some references [34, 49]. Lastly, the standard deviation in logy C is increased to
0.14 to show the influence of level of uncertainty on derived optimum structural solution (FDF, At;),p: derived
by the risk-based HDM method.

6.3 Results and discussions
6.3.1 Comparisons of the HDM and SDM approaches

6.3.1.1 Life cycle costs and sensitivity to cost ratio

Table 3: Optimum results by the risk-based HDM approach

Cro/Cro 0.1 0.01 0.001 0.0001 0.00001

Risk-based (FDF, At;) op¢ (8,15) (6,15) (3,6) (2,3) (1,2)

design and maintenance T (mm) 30.4 28.7 25.0 231 20.1
holistic optimization n 1 1 4 9 14

C, 20193 3540 823.5 163.8 484

Cint 20063 3035 775.8 159.5 30.6

B 3.415 3.025 3.679 4.252 3.923

Cp 2797 1010 1250 46.6 12.7

Cyu 17266 2025 650.8 112.9 179

Cr 129.8 505.3 477 4.3 17.8

Table 4: Optimum results by the risk-based SDM approach

Risk-based FDF,p¢ 9
design T (mm) 311
optimization Cp 4356
Cro 4010
Cro 8366
Bro 2.332
cro/Cro 0.1 0.01 0.001 0.0001 0.00001
Risk-based At;ope (year) 15 15 15 10 8
Maintenance n 1 1 1 2 3
optimization Cy 20665 6047 4585 4387 4360
B 3.594 3.594 3.594 4.266 4774
Cy 16243 1624 162.7 26.6 3.6
Cr 66.3 66.3 66.3 4.0 04
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Tables 3 and 4 and Figure 12 show that for all ¢,o/cso €[0.00001, 0.1], the proposed HDM method can result
optimum structural (design and maintenance) plans associated with less life cycle costs €, than the SDM
method. The advantage of the HDM approach in cost reduction is more obvious with a lower cost ratio ¢,q/ cro.
For ¢y9/cfo=0.00001, the min €, by the HDM approach is 48.4, while the min €, by the SDM approach is
4360, which is almost 90 times higher. The finding indicates that the proposed risk-based HDM approach is
well suitable for those scenarios where the repair costs for a fatigue-critical detail are low compared with its
failure consequences.

Table 3 shows that the proposed approach results in a weaker structural scantling (i.e. a smaller FDF) and a
stronger maintenance plan (i.e. a shorter inspection interval At;) with a lower c¢yo/cgo. This feature means that
the HDM approach can result in optimum structural (design and maintenance) plans adaptively to the cost ratio,
which has not been adequately captured by the SDM approach.

It can be seen from Tables 3 and 4 that a majority of the cost reductions by the HDM approach originate from
lower design costs (Cp). In other words, a weaker design plan (i.e. a smaller FDF) can often be justified by
explicitly quantifying and considering the benefits of operational maintenance to risk mitigation at the initial
design stage.

6.3.1.2 lifetime fatigue reliability and sensitivity to cost ratio

While the min €}, is lower, the fatigue reliability index f; obtained by the HDM approach is above 3 under all
cost ratios (Table 3), which is high enough to meet the reliability requirement for common structural details.
For example, the target reliability index fS; is 3.0 for structural details with very serious failure consequences in
tanker ships [14, 84]. When cost ratio ¢,o/cfo = 0.01, the min €, by the HDM (823.5) is significantly lower than
the SDM approach (4585), and the optimum £, (3.679) is slightly higher than by the SDM approach (3.594).
For other cost ratios, the optimum [, derived by the HDM approach is slightly lower than by the SDM
approach.

In summary, the risk-based HDM approach can result in structural (design and maintenance) plans associated
with lower life cycle costs that represent a null or only a small compromise in fatigue reliability. Compared to
the SDM approach, the HDM approach allows for the cost ratio ¢,o/cro and the effectiveness of two risk
mitigation measures (structural scantling and operational maintenance), achieving optimum utilization of the
two measures and thus optimum allocation of resources to the structural design and operation stage.



6.3.2 Comparisons of risk-based and reliability-based HDM approaches
6.3.2.1 Lifetime fatigue reliability

Table 5 (a): Optimum results by the reliability-based HDM approach (f8;=2.5)

cro/Cro 0.1 0.01 0.001 0.0001 0.00001
Reliability-based (FDF, At;) op¢ (8,15) (5,15) (3,10) (2,8) (1,4)
design and maintenance T (mm) 304 27.7 25.0 23.1 20.1
holistic optimization n 1 1 2 3 7
Cy, 20221 3887 1684 1793 1084
Cint 20063 2784 573.5 116.1 26.5
B 3.415 2.758 2.775 2.637 2777
Cp 2797 554.7 125.0 46.6 12.7
Cy 17266 2230 448.5 69.5 138

Table 5 (b): Optimum results by the reliability-based HDM approach (f8:=3.0)

cro/Cro 0.1 0.01 0.001 0.0001 0.00001
Reliability-based (FDF, At;) op¢ (8,15) (6,15) (4,10) (2,6) (1,3)
design and maintenance T (mm) 304 28.7 26.5 23.1 20.1
holistic optimization n 1 1 2 4 9
C, 20221 3515 967.5 557.4 252.6
Cinr 20063 3035 674.3 1238 27.5
BL 3415 3.025 3.203 3.077 3.269
Cp 2797 1010 279.6 46.6 12.7
Cy 17266 2025 394.6 77.2 14.8
Table 5 (c): Optimum results by the reliability-based HDM approach (f8,=3.5)
Ccro/ Cso 0.1 0.01 0.001 0.0001 0.00001
Reliability-based (FDF, At;) opt (9,15) (5,10) (3,6) (2,4) (1,2)
design and maintenance T (mm) 311 27.7 25.0 231 201
holistic optimization n 1 2 4 7 14
C, 20658 4295 834.9 1829 42.3
Cinr 20591 4107 775.8 1515 30.6
BL 3.590 3.532 3.679 3.788 3.923
Cp 4356 554.7 125.0 46.6 12.7
Cy 16235 3552.5 650.8 105.0 17.9

The optimization formulation (Equation (43)) shows that the structural plans (i.e. structural scantling T and
maintenance plan At;) derived by the risk-based HDM approach are optimum in terms of the min expected
C;, i.e. the best trade of between structural investments C;yr and failure risks Cg. The derived B, is optimum
in terms of the min expected Cj, under given uncertainties and cost ratio. The risk-based HDM approach thus
facilitates optimization of both [, and structural plans. Table 3 and Figure 13 show that the [, derived by the
risk-based HDM approach is generally larger with a smaller cost ratio c¢,o/cfo, which indicates that the resulting
B is higher when the failure consequences are larger. Therefore, the risk-based HDM approach can result in
optimum structural plans associated with the min life cycle costs €, and an optimum [, which is in proportion
to the failure consequences.

Equation (44) shows that there is a constraint on the fatigue reliability in the reliability-based HDM approach,
i.e. B = B¢, which means that the derived optimum structural plans can achieve a min B, defined by the



constraint ;. However, the achieved B; may not be optimum in terms of life cycle costs C;. Tables 5 (a), (b)
and (c) show that the fatigue reliability indexes B; obtained by the reliability-based HDM approach do not
change in proportion to the cost ratio ¢,o/cso.

6.3.2.2 Life cycle costs

4
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Figure 14: Minimum life cycle costs by the proposed and reliability-based HDM approaches

Table 3, Tables 5 (a), (b) and (c) and Figure 14 show that under all cost ratios examined, the min C; derived by
the risk-based HDM approach are lower than the reliability-based HDM approach. These results are the same
as expected, because the optimization objective of the risk-based approach is to minimize C,, while the
optimization objective of the reliability-based approach is to minimize C;yr, under a given constraint on target
reliability level B.

6.3.2.3 Structural investments

Table 6: Comparisons of the risk-based and reliability-based HDM approaches

Risk-based HDM | Reliability-based HDM

Lifetime fatigue reliability B, | Bt > Brope | Lower Higher

Bt < Biopt | Higher Lower

Bt = Brope | The same The same
Life cycle costs Cp, Bt > Biopt | Lower Higher

Bt < Biopt | Lower Higher

Bt = Brope | The same The same
Structural investments Ciyr Bt > Biopt | Lower Higher

ﬂt < ﬂl,opt Higher Lower

Bt = Brope | The same The same

Although the optimization objective of the reliability-based approach is to minimize structural investments
Ciyr under a reliability constraint, the derived Cjyr may not be minimum globally. Given a specific
Be and cro/cso, the structural investments C;yr by the risk-based HDM approach can be equal to, lower or



higher than the reliability-based approach. Three cases are distinguished and discussed below, where f; isthe
prescribed reliability target in the reliability-based approach, and By 4p¢ is the optimum reliability index derived
by the risk-based approach. Main conclusions are summarized in Table 6.

(1) ﬁt > ﬁl,opt

Table 7 shows that the lifetime fatigue reliability (., structural investments C;yr and min life cycle costs C; by
the reliability-based approach, are all be higher than the risk-based approach. The min C;yr by the reliability-
based approach is higher than the risk-based approach and thus is not minimum globally. When B; > B opt.
stronger structural plans (a larger FDF and/or a shorter At;) than the optimum plans derived by the risk-
based approach is not more cost-beneficial; but to satisfy the constraint on S, the reliability-based approach
would result in stronger structural plans than the risk-based approach.

Table 7: Optimum results by the risk-based and reliability-based HDM approaches
(B:=3.5and c,/c;=0.01)

Risk-based HDM method Reliability-based HDM method
(FDF, At;) op¢ (6,15) (5,10)
T (mm) 28.7 27.7

n 1 2

C, 3540 4295

Cint 3035 4107

B 3.025 3.532

Cp 1010 554.7

Cy 2025 3552.5

(2) Bt < Bl,opt

Table 8 shows that the lifetime fatigue reliability S, and structural investments C;yr by the risk-based
approach are higher, but the life cycle costs C;, are lower. The min Cjyr derived by the reliability-based
approach is smaller than the risk-based approach and is minimum globally. When B; < B¢, the structural
plans by the risk-based approach is stronger and the associated structural investments C;yr are higher than
the reliability-based approach. The Cjyr obtained by the risk-based approach is not minimum, but the higher
Cint is rewarded by greater reductions of failure risks, leading a lower C;.

Table 8: Optimum results by the risk-based and reliability-based HDM approaches
(B:=2.5 and c¢,/c;=0.001)

Risk-based HDM method Reliability-based HDM method
(FDF, At;) opt (3,6) (3,10)
T (mm) 25.0 25.0
n 4 2
Cy, 8235 1684
Cint 775.8 5735
BL 3.679 2.775
Cp 125.0 125.0
Cy 650.8 4485




(3) ﬁt = ﬁl,opt

When the pB; is approximately equal to (or slightly smaller than) the fy op¢, the risk-based and reliability-based
approaches could result in the same optimum plans, which is optimal in terms of both life cycle costs C; and
structural investments Cjyr and satisfies the constraint of ;. For example, when B;=3.0 and ¢,o/cfo=0.01,
the optimum structural plans by the risk-based (Table 3) and reliability-based (Table 5 (b)) approaches are the
same. Note that the values of S, C; and C;yr associated with the same structural plans, may not be identical
in different tables (but are reasonably close), due to the random nature of the Monte Carlo simulations.

6.3.3 Sensitivity to the adopted inspection method

Table 9: Optimum results by the risk-based HDM Method (CVI)

cro/ Cro 0.1 0.01 0.001 0.0001 0.00001
Risk-based design (FDF, At;) op¢ (9,15) (6,6) (3,5) (2,3) (2,3)
and maintenance T (mm) 311 28.7 25.0 231 23.1
holistic optimization n 1 2 5 9 9
C, 12974 3218 838.6 2909 230.7
Cint 12518 2839 562.3 1135 53.3
B 3.056 3.112 3.203 3.329 3.329
Cp 4356 1010 125.0 46.6 46.6
Cy 8161 1829 437.3 66.9 6.7
Cr 456.8 3784 276.2 1774 1774
Table 10: Optimum results by the risk-based HDM Method (VI)
Cro/Cro 0.1 0.01 0.001 0.0001 0.00001
Risk-based design (FDF,At;) opt (9,10) (6,6) (4,2) 4,2) 4,2)
and maintenance T (mm) 311 28.7 26.5 26.5 26.5
holistic optimization n 2 4 14 14 14
C, 12382 3139.7 1015.8 693 660.7
CinT 11983 26311 638.3 3155 283.2
B 3.096 3.023 3.112 3.112 3.112
Cp 4356 1010 279.6 279.6 279.6
Cy 7627 1621 358.7 35.9 3.6
Cr 398.8 508.6 377.5 3775 377.5

The optimum results by the risk-based HDM method using MPI, CVI and VI are given by Tables 3, 9 and 10
respectively. Based on the Tables, the following points are highlighted.

e The risk-based HDM method can result in different optimum fatigue designs when the inspection
methods adopted at the operation stage are different, which cannot be achieved by fatigue design
methods in which operational inspections are not considered quantitatively. For example, when
C¢ro/¢r0=0.00001 and MPI, CVI and VI is adopted respectively, the obtained optimum fatigue design
factoris FDF=1, 2 and 4 respectively. This finding highlights the importance to explicitly consider the
adopted inspection method at the fatigue design stage and make holistic decisions on structural
scantling and operational maintenance.

e The obtained fatigue design factor generally becomes larger with a less accurate inspection method,
which indicates that the obtained fatigue design factor is adaptive to the adopted inspection method.



A less accurate inspection method would lead to a less increase in reliability, so a larger fatigue design
factor is derived by the method to achieve an optimum level of lifetime fatigue reliability.

The derived optimum inspection interval generally becomes shorter when a less accurate inspection
method is adopted. For example, when ¢,o/¢so=0.001 and MPI, CVI and VI is adopted respectively, the
obtained inspection interval shortened from At;=6 years (Table 3) to 5 years (Table 9) and to 2 years
(Table 10). A less accurate inspection method leads to less increase in reliability, so more frequent
inspections (i.e. shorter intervals) are obtained to achieve an optimum level of lifetime fatigue reliability.
This finding shows the derived inspection interval is also adaptive to the adopted inspection method.
The optimum inspection method is VI when c¢ro/cso=0.1 or 0.01 and is MPI when ¢y¢/cfo=0.001 or
0.0001 or 0.00001. These results are reasonable. When the ratio cro/cyo is large, the costs of a repair
are relatively high, and thus a less accurate inspection method (V1) is preferred which leads to lower
expected maintenance costs. On the other hand, when the ratio ¢,q/cgo is small, failure costs are much
higher than the costs of a repair, and thus a more accurate inspection method (MPI) is preferred which
leads to more intensive maintenance and lower failure risks.

6.3.4 Sensitivity to the degree of uncertainty

Table 11: Optimum results by the risk-based HDM Method (SD(log C) = 0.14)

Cro/Cro 0.1 0.01 0.001 0.0001 0.00001

Risk-based design (FDF, At;) op¢ (8,15) (6,15) (4,6) (2,3) (2,2)

and maintenance T (mm) 30.4 28.7 26.5 231 23.1
holistic optimization n 1 1 4 9 14

C, 20730 4141 885.4 172.0 61.2

Cint 20407 3056 855.3 158.9 60.5

B 3.158 2.786 3.795 3.996 4.651

Cp 2797 1010 279.6 46.6 46.6

Cyu 17610 2046 575.7 112.3 139
Cr 322.9 1084 30.1 131 0.7

Table 11 shows that when the degree of uncertainty increases, the derived optimum structural plans by the

risk-based HDM approach is either the same or become stronger.

When ¢o/cp0=0.1 or 0.01 or 0.0001, under the increased degree of uncertainty, the same optimum
structural plans are obtained by the proposed method, but the lifetime fatigue reliability index B, gets
lower and the life cycle costs €, become higher (due to a higher probability of detection & repair and
thus higher maintenance costs Cy).

When ¢y9/cro=0.001 or 0.00001, under the increased degree of uncertainty, stronger optimum
structural plans (a larger FDF and the same At;) are derived by the proposed method, and the lifetime
fatigue reliability index S, is higher, but the life cycle costs € are also higher.

7 Conclusions

Cracks have been found common in large welded steel structures subjected to fatigue loads, e.g. ships and

offshore structures. It is generally not realistic trying to prevent cracks from such structures only by structural

design measures, due to challenges such as, a large number of fatigue-sensitive details, budget constraints,

manufacture imperfections, the effects of aleatory and epistemic uncertainties, etc. Operational interventions

(e.g. inspections and maintenance) are important for reducing the risk of losing structural integrity, identifying

gross errors in design and fabrication, identifying over-loading and accidental damages, etc. A limitation in

current practice is lack of connectivity in the decision-making on structural design measures and operational



interventions. The effects of operational interventions are normally not quantitatively accounted for at the
structural design stage. Inspections and maintenance plans are normally either based on experience or obtained
by optimization at the operation stage. However, it is believed that it would be more beneficial to do risk
assessment and informed maintenance optimization at the structural design stage when there is a higher
degree of uncertainty and the impacts of decisions are greater.

This paper has developed a risk-based holistic decision-making (HDM) approach to optimum design and
maintenance of fatigue-sensitive components. The approach envelopes major engineering decisions (structural
scantling, operational inspections and maintenance) and several sources of uncertainty affecting the lifetime
fatigue performance of structural details and supports holistic decision-making at the initial design stage. The
integration of the below methods represents some extent of novelty:

1) Decisions variables in structural scantling and operational maintenance are holistically derived at the
structural design stage by risk-based optimization. The method allows for effectiveness of both structural
scantling and maintenance at an early stage, leading to effective utilization of the two risk mitigation
measures, and optimum resource allocation between the structural design and operation stages.

2) The effects of uncertainties and expected cost consequences of failure are taken into account explicitly by
probabilistic and risk modelling methods, which supports rational decision-making on structural scantling
and maintenance plans towards a trade-off between safety and life cycle total costs.

3) The same decision basis for structural scantling and maintenance planning is established by developing a
risk model based on probabilistic fracture mechanics (FM). Effects of both structural scantling and
maintenance are measured under uncertainty using the model, benefiting coherent and connected
decision-making on structural scantling and maintenance.

The approach and optimization problem have been formulated based on a repair effect model, probabilistic
modelling of fatigue deterioration and inspection detectability, event tree analysis, reliability & risk calculations
and life cycle cost analysis. Two alternative approaches have also been formulated for comparison purposes,
i.e. risk-based separate decision-making (SDM) approach and reliability-based HDM approach. The three
methods have been tested on a typical fatigue-sensitive detail in a ship structures, and the derived optimum
structural (design and maintenance) plans have been evaluated via performance indicators (lifetime fatigue
reliability, life cycle costs and structural investments). Sensitivities of the obtained structural plans and
performance indicators to the cost ratio (i.e. relative costs of repair to failure), the adopted inspection method
and the level of uncertainty have been studied in detail.

It has been shown that the proposed method yields structural plans associated with less life cycle costs than
the comparison methods. The cost reductions are attributed to a holistic approach to life cycle structural
decisions (i.e. structural design, inspection and maintenance). Specifically, the inclusion of maintenance
optimization in the initial structural scantling optimization has facilitated intelligent decision-making and
utilization of the two risk mitigation options adaptively to the cost ratio and achieved a best trade-off between
design costs and maintenance costs. It is found that the advantage of the proposed approach is more obvious
when the cost ratio is smaller. The approach has generated structural plans involving more maintenance
interventions (i.e. a weaker design plan, and shorter inspection intervals) when the cost ratio is smaller, which
has not been capable by the SDM approach. When the cost ratio is large, the derived structural plans by the
proposed and the SDM approaches are almost the same. It is thus concluded that the method can vyield
combinations of structural design and maintenance plans, adaptively to the cost ratio, which are optimum in
term of the least life cycle costs due to a best trade-off between design costs and maintenance costs.

It is also shown that the proposed approach can be used to determine the optimum level of lifetime fatigue



reliability that should be targeted at by rational structural design and maintenance planning. This is evidenced
by the finding that the approach generally yields structural plans associated with a higher lifetime fatigue
reliability when the cost ratio is smaller (i.e. when failure consequences are higher), i.e. the obtained optimum
lifetime fatigue reliability changes appropriately to failure consequences. This feature has been found in the
results by the reliability-based HDM approach. Benefited from inclusion of expected costs of failure in the
optimization formulation, the proposed approach realizes optimization of lifetime fatigue reliability and a best
trade-off between safety and life cycle costs. In summary, the method achieves two trade-offs: a. between
design costs and maintenance costs; b. between safety and life cycle total costs.

This paper has developed a risk-based holistic decision-making approach to optimal fatigue design, inspection
and maintenance of one-component structural system (e.g. one fatigue-sensitive detail). It has been
demonstrated that the method is able to quantify the combined benefits of design and maintenance measures
to risk and cost reductions, and to yield fatigue design, inspection & maintenance plans and expected lifetime
fatigue reliability that are optimum in terms of life cycle costs. The approach and conclusions lay foundation for
developing optimum fatigue design, inspection and maintenance plans for multi-component systems. In future
work, multi-component system level fatigue design, inspection and maintenance optimization would be
addressed by taking into account dependencies among components. In addition, it is desirable to extend the
approach by using more decision variables.
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